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Purpose: Many clinical applications depend critically on the accurate differentiation and
classification of different types of materials in patient anatomy. This work introduces a uni-
fied framework for accurate nonlinear material decomposition and applies it, for the first
time, in the concept of triple-energy CT (TECT) for enhanced material differentiation and
classification as well as dual-energy CT.
Methods: We express polychromatic projection into a linear combination of line integrals of
material-selective images. The material decomposition is then turned into a problem of min-
imizing the least-squares difference between measured and estimated CT projections. The
optimization problem is solved iteratively by updating the line integrals. The proposed tech-
nique is evaluated by using several numerical phantom measurements under different scanning
protocols. The triple-energy data acquisition is implemented at the scales of micro-CT and
clinical CT imaging with commercial ”TwinBeam” dual-source DECT configuration and a
fast kV switching DECT configuration. Material decomposition and quantitative comparison
with a photon counting detector and with the presence of a bow-tie filter are also performed.
Results: The proposed method provides quantitative material- and energy-selective images
examining realistic configurations for both dual- and triple-energy CT measurements. Com-
pared to the polychromatic kV CT images, virtual monochromatic images show superior
image quality. For the mouse phantom, quantitative measurements show that the differences
between gadodiamide and iodine concentrations obtained using TECT and idealized pho-
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2ton counting CT (PCCT) are smaller than 8 mg/mL and 1 mg/mL, respectively. TECT
outperforms DECT for multi-contrast CT imaging and is robust with respect to spectrum
estimation. For the thorax phantom, the differences between the concentrations of the con-
trast map and the corresponding true reference values are smaller than 7 mg/mL for all of
the realistic configurations.
Conclusions: A unified framework for both dual- and triple-energy CT imaging has been
established for the accurate extraction of material compositions using currently available
commercial DECT configurations. The novel technique is promising to provide an urgently
needed solution for several CT-based diagnostic and therapy applications, especially for the
diagnosis of cardiovascular and abdominal diseases where multi-contrast imaging is involved.
I. INTRODUCTION
In computed tomography (CT) imaging, the CT number corresponds to the effective linear attenuation coefficient
of a voxel and its value depends on the X-ray photon energy. In reality, it is possible that two voxels of the same
material have different CT numbers (or effective linear attenuation coefficients), as the effective energy may be location
dependent due to the beam hardening effect. Furthermore, the CT number of a voxel depends on both the atomic
number and the mass density of the material, making material decomposition from a single-energy CT impossible
without additional information. To circumvent the problem, dual-energy CT (DECT) has been developed to allow for
material discrimination, by adding another attenuation measurement with a different energy spectrum1,2. DECT has
been a valuable tool in a range of emerging clinical applications, including automated bone removal in angiography,
blood volume measurement in perfusion CT, urinary stone characterization and gout diagnosis3. Practically, dual-
energy attenuation measurements have been implemented in different ways, including the fast switching of X-ray
tube potentials in a single scan 4,5, dual X-ray sources on the same gantry2, and layered detectors6. The measured
dual-energy projection data sets are then employed to yield energy- and material-selective images using dual-energy
material decomposition methods. Depending on the data acquisition technique, dual-energy material decomposition
can be performed in projection domain, image domain, or projection- and image- domain jointly.
Like many other material decomposition methods7–16, the linear attenuation coefficient is expressed as a linear
combination of two basis materials in projection domain methods. Thus, the polychromatic high- and low-energy
3projections become functions of the line integrals of the basis material images. This reduces the problem of material
decomposition to the determination of the integrals of these basis material images using the high- and low-energy
projections and a decomposition function. The decomposition function can be approximated by, for example, a poly-
nomial where its coefficients are determined by calibrations with dedicated experimental phantoms10. Basis material
sinograms obtained using the decomposition functions are then employed to reconstruct the basis material images us-
ing standard image reconstruction algorithms. Alternatively, dual-energy material decomposition can be implemented
in image-domain17,18. Here, high- and low-energy CT images are first reconstructed using the corresponding raw pro-
jections and material decomposition is then performed in image domain by linearly combining the CT images. As the
acquired high- and low-energy CT data are usually geometrically inconsistent in practice (i.e., the paths of the two
measurements are different, even for the fast kVp switching technology), the material decomposition in image-domain
is more convenient. Like projection-domain methods, a series of calibration measurements for the basis materials in
high- and low-energy are also required. However, material-selective images generated this way are basically a linear
combination of the high- and low-energy CT images. Compared to nonlinear projection domain methods, this leads
to reduced contrast-to-noise ratio and residual artifacts in the decomposed images19.
Dual-energy material decomposition in the third way generates the material images directly from dual-energy
attenuation measurements with incorporation of a projection matrix20–23. In this case, material decomposition is for-
mulated as an optimization problem, and statistical models and regularization are often introduced into the objective
function to reduce noise and improve image quality. Material decomposition in this approach is usually computation-
ally expensive because of repeated forward and backward projections as well as complicated optimization procedures,
which may be undesirable for clinical applications.
Although DECT material decomposition yields images with significantly reduced beam hardening artifacts and
allows a quantitative characterization of two different materials (e.g., contrast medium and calcified tissues) 24, there
are many applications in which the discrimination of more than two materials is needed. Indeed, the human body
contains different materials, such as blood, water, bone, and often endogenous contrast agent during imaging. Thus
a material decomposition method capable of discriminating more than two materials is highly desirable. In general,
the problem of obtaining more than two material-specific images can be solved either in image-domain25–27 or with
energy-resolving photon counting detectors28–32. The former approach, however, is not as accurate as projection-
domain methods because of residual beam hardening artifacts. The use of photon-counting detectors is still at an
early stage and there are a number of technical issues, such as charge sharing33 and pulse pileup, yielding to distorted
4spectrum information, which have yet to be resolved. While it is possible to use more than two energy measurements
for multi-material decomposition34,35, currently, only methods in image-domain exist to accomplish the task. The
purpose of this work is to establish a unified nonlinear projection-domain framework for both dual- and triple-energy
material decomposition.
II. METHODS
II.A. Principle of basis material decomposition
For diagnostic X-ray imaging, the attenuation properties of materials can be modeled using the two dominant phys-
ical interactions, i.e., photoelectric and Compton. Based on this assumption, in the theory of material decomposition,
the linear attenuation coefficient µ(~r,E) of a material is assumed to be modeled as a linear combination of two basis
functions,
µ(~r,E) = f1(~r)ψ1(E) + f2(~r)ψ2(E), (1)
here ~r represents the three-dimensional spatial coordinates of a specific pixel and E is the photon energy. Basis
functions ψ1,2 are the independent energy dependencies which can be mass attenuation coefficients of known materials
(i.e., basis materials) and f1,2(~r) are material-specific images (specific to the basis materials). However, if an element
has a K-edge in the diagnostic energy range (for example, gadolinium), then the attenuation coefficient of the material
cannot be decomposed solely with two basis materials when bone is also present. This is because the specific K-edge
can not be characterized by either Compton or photonelectric which are the dominant absorption mechanisms in the
diagnostic energy range. Hence, the decomposition in (1) has to be extended to include a third term, which can
characterize the attenuation properties of the element. In this case, the decomposition of the material becomes,
µ(~r,E) = f1(~r)ψ1(E) + f2(~r)ψ2(E) + f3(~r)ψ3(E)
=
3∑
i=1
fi(~r)ψi(E)
(2)
where ψi(E) with i = 1, 2, 3 are the known mass attenuation coefficients of the basis materials, including the K-
edge material, and fi(~r) are the location-dependent material-specific images. Without extra conditions, the extended
formulation (2) implies the need of a third attenuation measurements to obtain material-specific information.
5II.B. Material images-based polychromatic reprojection
Based on the material decomposition formulation (1) and (2), the polychromatic X-ray transmission measurement
of the material can be estimated as
pˆ = −log
∫ Emax
0
dE Ω(E) η(E) exp
[
−
N∑
i=1
ψi(E)Ai
]
, (3)
with N = 2 for two material case and N = 3 for three material case, and with Ai =
∫
d~r fi(~r) the line integrals of the
material-selective images (i.e. material density images). Ω(E) is the corresponding polychromatic energy spectrum
of the ray and the integral in (3) goes over the energy range of the spectrum. η(E) is the energy dependent detection
efficiency. Note that pˆ depends on the detector pixel and the pixel channel index is dropped for convenience.
Gadolinium
Contrast 
Bone
Lung
Water
Water
Gadolinium
Contrast 
Bone
Iodine
Contrast 
Bone
Lung
Water
Blood
a b c
Fig. 1 Imaging phantoms used in the numerical studies. (a) Modified micro-CT mouse phantom with blood, lung, bone and contrast agents
inserts. The iodine contrast agents have two concentrations, 5 mg/mL and 10 mg/mL. (b) Modified thorax phantom showing two coronary
arteries in the heart region and two bar patterns in the lung region both filled with gadolinium contrast agents. (c) Anthropomorphic
thorax modified from clinical CT image showing contrast agents in the heart region.
II.C. Material decomposition
As mentioned above, to enable a three material decomposition, i.e., calculate the line integrals of the three material-
specific images, one has to perform three transmission measurements using different energies, otherwise the system is
underdetermined. Meanwhile, based on the polychromatic reprojection (3), for each detector channel, the reprojected
value pˆ should equal to the corresponding raw measurement pm. However, in realistic application, the acquired energy
spectrum Ω(E) is prone to suffer from error, additionally, the residual scatter radiation as well as the projection noise
(quantum noise and electronic noise) cause inconsistency between the measured data and the data calculated using
reprojection model. Hence, instead of directly solving the line integrals of the material-specific images from (3), we
minimize the quadratic error between the measured data pm and the estimated projection pˆ with respect to the line
6integrals Ai, i.e.,
A∗i = arg min
Ai≥0
‖pm − pˆ(Ai)‖22. (4)
Here i = 1, 2 for dual-energy case, and i = 1, 2, 3 for triple-energy case. The vector pm denotes the dual- or
triple-energy transmission measurements for each detector pixel, i.e., pm = (p
H
m , p
L
m) or pm = (p
H
m , p
M
m , p
L
m), where
pHm , p
M
m , and p
L
m are the high-, median-, and low-energy measurements, respectively. pˆ is the corresponding estimated
projection using line integrals of the density images. Since Ai is the line integral of the density image, we have non-
negative constraint on Ai. The optimization problem (4) can be solved in a pixel-wise fashion using a multi-variable
downhill simplex method (Nelder-Mead method). Implementation details and pseudo code of the method can be
found in VII. Once Ai was determined for all of the pixels, material-specific density images can be reconstructed by
using the standard filtered backprojection algorithm.
III. SIMULATION STUDIES
In order to evaluate the proposed method, we performed simulation studies using various phantoms in scale of both
clinical CT and micro-CT applications.
III.A. Numerical phantoms description
We simulated three test phantoms to show the performance of the nonlinear material decomposition method.
The first mouse phantom which is in scale of micro-CT application and modified from the phantom as defined by
Stenner and Kachelriess in10, consists of inserts that contain different iodine concentrations. Compared to the original
phantom in10, we have replaced the low contrast and the bone inserts with blood and standard cortical bone inserts,
respectively. Concentrations for the two iodine contrast agent inserts are 5 and 10 mg/mL.
The second phantom is a simplified thorax phantom and is in scale of clinical diagnostic CT application. It
contains two coronary arteries filled with contrast agent in the heart region. In order to depict the preservation of
spatial resolution, two contrast agent bar patterns are also included in the lung region. Compared to the second
one, the third anthropomorphic thorax phantom is more realistic as it was generated using clinical CT images. To
7Fig. 2 Mass attenuation coefficients of the materials in this study. Note that although blood, water, and lung have similar mass attenuation
coefficients, their linear attenuation coefficients are different due to their different mass density.
perform triple-energy material decomposition, we have added two contrast agent inserts in the heart region. Since
both of the thorax phantoms are scanned using clinical CT protocols which have relatively high kV settings and thick
inherent filtrations, we have used gadolinium (Gd) as contrast agent for both thorax phantoms as the K-edge energy
for gadolinium is 50.2 keV while it is 33.2 keV for iodine. Specifically, we model OMNISCANTM as the contrast
agent which contains 287 mg/mL gadodiamide and with a mass density of 1.15 g/cm3. The gadodiamide has the
stoichiometric formula of C16H28GdN5O9. To be more realistic, concentration of gadodiamide of the OMNISCAN
TM
is diluted to 60 mg/mL. The phantoms used in this study are shown in Fig. 1.
During the simulation, all of the mass attenuation coefficients are obtained or calculated from the NIST database.
For the materials which can not be found in the database, such as the contrast agents, their mass attenuation
coefficients are calculated using their chemical elements and the corresponding mass fractions. Figure 2 shows the
mass attenuation coefficients of the materials used in the simulation studies. Note that the y axis is plotted on a
logarithmic scale. One can observe the K-edge energies of the iodine and gadolinium contrast agents. Properties of
the materials used in this study are summarized in Table I.
Table I Properties of the materials used in the numerical simulation studies. Note that we have diluted the OMNISCANTM to 60 mg/mL
and its density is reduced from 1.15 g/cm3 to 1.03 g/cm3.
Material name Density (g/cm3)
Water 1.000
Lung 0.260
Bone 1.850
Blood 1.060
Iodine contrast agent (5 mg/mL, 10 mg/mL) 1.004, 1.008
OMNISCANTM (60 mg/mL) 1.031
8III.B. Energy spectra
For the micro-CT mouse phantom study, we use 40 kV, 60 kV and 80 kV spectra for the triple-energy transmission
measurements. These three spectra are generated using the most recent spectrum generator, Spektr 3.036, with 0 mm
Al, 5 mm Al, and 0.3 mm Cu filtrations, respectively. In addition, all of the three sources have 2 mm Al inherent
filters. We use the low 40 kV and the high 80 kV spectra for dual-energy measurements and all the three spectra
for triple-energy CT measurements. In order to accurately calculate pˆ, the energy spectrum used in (3) should be
modeled precisely. There are a lot of methods that can be employed to obtain the spectrum37–41. In this study, we
employ an indirect transmission measurement (ITM) method to estimate the triple energy spectra37. Specifically, the
energy spectrum is expressed by a set of model spectra. By updating each weight of the model spectra, the spectrum
estimation method minimizes the difference between the ITM and the projection of a uniform water phantom. The
final spectrum is calculated using the model spectra and their weights. The estimated spectra are then employed for
the triple-energy material decomposition. To further evaluate the robustness of the proposed material decomposition
method over spectrum estimation accuracy, triple-energy material decomposition is performed using spectra estimated
with two sets of different model spectra.
For the triple-energy thorax phantoms studies, it is natural to take advantage of the current commercial dual-
energy CT (DECT) configurations to acquire triple-energy CT data sets as DECT scanners are widely used in clinical
applications nowadays. This is beneficial over sequentially scanning the subject with three different energies or using
three source-detector sets on the same gantry. For the dual-source DECT scanner, one can use a ”TwinBeam”
configuration on one of the X-ray sources35 to enable the simultaneous acquisition of a triple-energy measurement.
With the ”TwinBeam” configuration, X-ray photons emitted from the source tube are prefiltered before arriving at
the subject by two different filters, and each filtered spectrum covers half of the detector rows.
To reduce noise during material decomposition, one would expect the filtered spectra should be quite different from
each other such that the difference between their transmission measurements of the sample is as large as possible. To
this end, it is better to choose K-edge filters to separate the spectra. Because K-edge filters significantly attenuate
X-ray photons whose energy are higher than the K-edge energy. This feature can be exploited to generate high-
and low-energy spectra, where the high-energy spectrum is generated by the filter with low K-edge energy and the
low-energy spectrum is generated by the filter with high K-edge energy. For example, as shown in35, for a 150 kV
incident spectrum, tin (Sn) filter is employed to generate a hardened spectrum, while gold (Au) and bismuth (Bi)
filter set is used to soften the spectrum.
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Fig. 3 Energy spectra used in the numerical simulation studies of clinical diagnostic CT applications. (a) Siemens scenario, Bi and Au
filters are used to filter high energy photons to yield a median energy spectrum, while Sn filter is used to filter low energy photons to yield
a high energy spectrum. (b) GE scenario, fast kV switching spectra with the same filtration.
In this study, to evaluate the proposed method, we performed material decomposition using two different sets of
spectra, ”TwinBeam” dual-source spectra and fast kV switching spectra, i.e., Siemens scenario and GE scenario. For
the Siemens scenario, a 0.6 mm Sn was used to filter a 150 kV spectrum to yield high-energy spectrum and 0.08 mm
Au + 0.1 mm Bi recombination filters were used to yield median-energy spectrum. These two spectra together with a
70 kV spectrum make up the triple-energy CT configuration. For the GE scenario, instead of fast switching between
high kV and low kV, the scanner performs an additional median kV measurement for triple-energy CT. Since it is
technically difficult to change filtration during CT scan in this configuration, all of the triple-energy measurements
use the same filtration. Figure 3 depicts the spectra used for the simulation studies. For the ”TwinBeam” dual-
source DECT configuration (Fig. 3 (a)), one can achieve triple-energy measurement using different kVs as well as
different filtrations. Since the K-edge energies for bismuth (Bi) and gold (Au) are 80.7 and 90.5 keV, respectively, the
bismuth and gold filters are used to filter high energy photons to yield a median-energy spectrum for the triple-energy
measurement. To the contrary, tin filter whose K-edge energy is 29.2 keV, is used to filter low-energy photons and
yield high-energy spectrum. For the fast kV switching configuration (Fig. 3 (b)), the triple-energy measurements are
performed using different kVs but the same filtration.
To be more realistic, the proposed method was also tested on the anthropomorphic thorax phantom including a
bow-tie filter in the acquisition geometry. In this case, the Siemens DECT configuration was used with the bow-tie
filter attached behind the K-edge filters, i.e., between the K-edge filters and the phantom. Figure 4(a) shows one
source-detector set for this configuration. Figure 4(b) shows the normalized photon intensity of the detector without
the presence of the phantom. All the used spectra for the thorax phantoms studies are generated using Spektr 3.036.
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Fig. 4 Anthropomorphic thorax phantom study using bow-tie filter. (a) CT scan geometry with the bow-tie filter and K-edge filters. (b)
Flood field of the bow-tie filter.
III.C. Projection data acquisition
All of the simulations were performed using 2D fan-beam geometry with an ideal point X-ray source. The linear
detector array consists of 1024 pixels and each pixel is 0.388 mm× 0.388 mm. Since one difficulty of material
decomposition is ill-conditioning, which yields material images with increased noise, Poisson noise is included in the
simulations to validate the robustness of the projection domain material decomposition method. The fan beam CT
projection data sets were simulated by polychromatic forward projecting the micro-CT phantom and the thorax
phantoms. Mathematically, the projection data can be represented as:
I =∫ Emax
0
dE η(E) Poisson
{
NΩ(E) exp
[
−
∫
µ(~r,E)d~r
]}
,
(5)
with N the total number of incident photons and it was set to the order of 106 for all of the clinical CT studies. To be
realistic, we simulated an energy-integrating detector, thus the energy dependent response η(E) was considered to be
proportional to photon energy E. Emax is the maximum energy of the polychromatic spectrum Ω(E). In the energy
integrating mode, all the photons arriving on a specific detector pixel for a single view angle are summed up according
to their energies. The energy-dependent linear attenuation coefficient µ(~r,E) was obtained from the National Institute
of Standards and Technology (NIST) database. During the simulations, the propagation path length for each ray in
each material is calculated using either an analytical method or a numerical ray-tracing method. To generate a Poisson
distributed photon count, we first calculate the mean photon number N ′(E) = NΩ(E) exp
[− ∫ µ(~r,E)d~r] that arrive
at the detector for each energy bin. A random number is then generated from the Poisson distribution with N ′(E)
as the mean parameter42–44. These random photon numbers are weighted by their energies (energy integration) and
detection efficiencies and finally summed up.
For the simple micro-CT mouse phantom, note that it consists of ellipses and circles which have explicit mathemat-
ical forms, we can use the analytical method. In this case, the propagation path length for each pixel in each ellipse
11
or circle is the intersection length of the line (i.e., the ray connecting the pixel and X-ray source) and the specific
ellipse or circle. Thus it can be analytically solved using the geometry equations of the line, ellipse and circle. For
the complicated thorax phantoms, we have to use the numerical method. In this case, the intersection length of the
ray and each voxel (with size of 0.45 mm) is numerically calculated and added up for the same material to yield the
corresponding propagation path length. Due to its computation load and parallel feature, this method is implemented
on a graphics processing unit (GPU)45 for considerable acceleration.
III.D. Comparison studies
Simultaneous multi-contrast CT imaging is very useful for the diagnosis of cardiovascular and abdominal diseases.
The relevant clinical applications include characterization of atherosclerotic plaque composition46, colonography47,
and so on. In this case, DECT cannot provide accurate contrast images, while triple-energy CT (TECT) can provide
quantitative multi-contrast images. In order to show the merit of TECT, a modified mouse phantom where the blood
insert is replaced by gadolinium contrast and the bone inserts are replaced by air, is investigated using both DECT
and TECT. In addition, comparison study with a widely used sinogram domain method, EDEC method10, is also
included. The EDEC method is an empirical nonlinear algorithm based on calibration measurements using basis
materials. In this study, we have employed a two-cylinder phantom for calibration.
Photon counting detector-based CT imaging is getting more and more attention from clinical side recently48,49. It
has several superior features where quantitative imaging and direct tissue characterization are the most important
features in clinical applications. To further evaluate the performance of the proposed method, the method is compared
to a nonlinear method based on photon counting detectors28. The latter method models the projection counting data
as Poisson signals and formulates the material decomposition process as a maximum-likelihood optimization problem.
IV. RESULTS
We first show the results of dual-energy material decomposition and comparison study with idealized photon
counting CT (PCCT) using the micro-CT mouse phantom, and then we present the TECT results using simplified
and anthropomorphic thorax phantoms in the scale of clinical applications. Result with the application of bow-tie
filter is also presented.
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Fig. 5 Dual-energy CT images of the micro-CT mouse phantom without contrast agent at 40 kV/80 kV, and material-selective images
obtained using the proposed method. The beam-hardening artifacts free monochromatic image is a linear combination of the basis material
images. Display window for the CT images and monochromatic image: [-200, 200] HU, and for the material images [0, 2] g/cm3).
IV.A. Dual-energy material decomposition
Figure 5 shows the results of dual-energy material decomposition using the mouse phantom. The first row depicts
polychromatic 40 kV and 80 kV CT images. It is visible that there are severe beam hardening artifacts in the CT
images, especially in the 40 kV image. This is because for the 40 kV spectrum, the linear attenuation coefficients of
the materials undergo a larger change, compared to 80 kV spectrum. The second row shows the basis material images
and the monochromatic image at 60 keV. The monochromatic image is the weighted summation of the basis material
images with the weights from linear attenuation coefficients of basis materials at 60 keV. Quantitative measurements
of the decomposed material images match the true densities of blood and bone quite well. Compared to the standard
polychromatic CT images, beam hardening artifacts are completely removed in the composed virtual 60 keV image.
Note that the CT images and the monochromatic image are normalized to Hounsfield units (HU) with value measured
in the central water region and with the linear attenuation coefficient of water at 60 keV, respectively.
IV.B. Triple-energy material decomposition
The results of TECT imaging using the micro-CT mouse phantom are shown in Fig. 6. For comparison, we also
present the results of the phantom using idealized photon-counting detector. Figure 6 (a) and (b) show the spectra
of ideally separated photon counting bins for PCCT and spectra for the triple-energy measurements, respectively.
Different from dual-energy case, we have added a third 60 kV measurement between the low- and high-kV energy
measurements. Figure 6(c-e) depict the reconstructed polychromatic CT images using triple-energy measurements.
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Fig. 6 Results of CT images of the mutil-contrast micro-CT mouse phantom using both idealized PCCT and TECT. (a) Energy spectra
for ideally separated photon counting bins of the PCCT, (b) energy spectra used for triple-energy measurements. (c)-(e) Polychromatic
CT images reconstructed using projection acquired with TECT, and (f)-(k) images reconstructed using each energy bin of PCCT. All CT
images are normalized to Hounsfield units and windowed to (C=0 HU/W=400 HU).
Beam hardening artifacts are introduced in the 40 kV images, especially at the peripheral region of the phantom.
The artifacts are reduced as the energy of the spectrum increases, as expected. Figure 6(f-k) depict the images
reconstructed using projection acquired with the six energy bins of the photon counting detector. From energy bin
20-30 keV to 30-40 keV, we can see the attenuation of iodine contrast agent increases strongly, indicating the K-edge
property of the iodine, which is at 33.2 keV. From energy bin 40-50 keV to 50-60 keV, the blood insert which is
replaced by the gadolinium contrast increases strongly. This is because the K-edge of gadolinium is at 50.2 keV. Note
that all images were normalized to Hounsfield units with respect to the value measured in the central water region.
Figure 7 shows triple-energy spectra estimated using a uniform water cylinder with two sets of model spectra. The
first, second and third rows show spectra estimation for 40, 60 and 80 kV, respectively. Figure 7(c, h, m) are spectra
estimated using model spectra Fig. 7(b, g, l). As can be seen, the estimated spectra match with the reference spectra
quite well. Figure 7(e, j, o) are spectra estimated using model spectra Fig. 7(d, i, n). In this case, the model spectra
do not contain the reference spectrum, which is much more difficult to accurately recover the reference spectra. Hence,
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Fig. 7 Energy spectra estimation using a water phantom with different model spectra. The first, second and third rows show spectra
estimation for 40, 60, and 80 kV, respectively. (c, h, m) are spectra estimated using model spectra (b, g, l), respectively. (e, j, o) are
spectra estimated using model spectra (d, i, n), respectively.
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Fig. 8 Results of multi-contrast material decomposition using DECT, EDEC, TECT and idealized PCCT data. DECT and EDEC cannot
obtain reasonable material-specific images, while both TECT and PCCT can provide accurate material-specific images. For DECT, TECT
and PCCT, Water, gadolinium and iodine images are windowed to [0, 2], [0.05, 0.15], and [0.002, 0.02] g/cm3, respectively.
the estimated spectra in Fig. 7(e, j, o) are not as accurate as spectra in Fig. 7(c, h, m). Mean energy differences ∆E
between the estimated spectra and reference spectra are 0.37, 0.07 and 0.02 keV for the 40, 60 and 80 kV spectra,
respectively. Normalized root mean square errors between the estimated spectra and the reference spectra are 8.1%,
1.2%, and 0.4%, respectively.
Figure 8 shows the results of material decomposition using DECT, TECT and idealized PCCT data. As can be
seen, for DECT and EDEC material decomposition, no matter how to choose the basis materials (iodine/gadolinium,
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Table II Quantitative measurements of the material-specific images of the mouse phantom decomposed using DECT, TECT and PCCT.
TECT1, TECT2 correspond triple-energy material decomposition using spectra show in Fig. 7(c, h, m) and (e, j, o), respectively.
Density and concentration Measured Difference
Water (g/cm3)
DECT 1.00 0
TECT1 0.98 -0.02
TECT2 0.89 -0.11
PCCT 1.00 0
Gadodiamide (mg/mL)
DECT - -
TECT1 63 3
TECT2 68 8
PCCT 60 0
Iodine (mg/mL)
DECT - -
TECT1 9 -1
TECT2 11 1
PCCT 10 0
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Fig. 9 Results of the simplified thorax phantom using triple-energy CT with TwinBeam Dual-source configuration. The labeled circles
are used for quantitative measurements. The decomposed densities match with the true densities quite well. All of the kV images are
windowed to [-200, 200] HU. Water and bone images are windowed to [0, 2] g/cm3, and gadolinium images are windowed to [0, 0.1] g/cm3.
water/gadolinium and water/iodine), one cannot obtain reasonable material-specific images. For TECT and PCCT
material decomposition, water, gadodiamide and pure iodine are selected as the basis materials. Both methods can
provide superior material-selective images. In addition, TECT material decomposition using spectra estimated with
different model spectra show comparable image quality, suggesting the method is robust with respect to spectrum
estimation. Quantitative measurements indicate TECT decomposed densities of the materials are comparable with
that obtained by PCCT, as shown in Table II.
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Fig. 10 Results of the simplified thorax phantom using triple-energy CT with fast kV switching configuration. The labeled circles are used
for quantitative measurements. The decomposed densities match with the true densities quite well. All of the kV images are windowed to
[-200, 200] HU. Water and bone images are windowed to [0, 2] g/cm3, and gadolinium images are windowed to [0, 0.1] g/cm3.
IV.C. TwinBeam Dual-source configuration
Figure 9 shows the results of material decomposition images using triple-energy measurements with ”TwinBeam”
dual-source configuration. The first row from left to right shows the polychromatic CT images at 80 kV, 150 kV with
0.2 mm bismuth plus 0.05 mm gold filter and 150 kV with 0.5 mm tin filter, respectively. Beam hardening artifacts
in the CT images are reduced gradually as the mean energies of the spectra increase. The second row depicts the
decomposed images with water, bone, and gadodiamide as basis materials. It is visible that gadodiamide is well
decomposed from the contrast agent solution. Quantitative measurements are shown in Table III.
IV.D. Fast kV switching configuration
The results of the simplified thorax phantom using triple-energy CT with fast kV switching configuration are shown
in Fig. 10. The first row depicts the polychromatic CT images at 80, 110, and 140 kV. As can be seen, the beam
hardening artifacts are present in all of the kV images and do not reduce as the energy increase. This is because the
filtration can not be changed in this configuration; resulting in a broad spectrum for the high kV setting. The second
row shows the decomposed images with water, bone, and gadodiamide as the basis materials. Gadodiamide is well
decomposed from the contrast agent. Quantitative measurements show the decomposed densities match with the true
densities quite well (Table III).
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Table III Quantitative measurements of the material-specific images of the simplified thorax phantom and the anthropomorphic thorax
phantom decomposed using TECT with TwinBeam dual-source (TB-DS), fast kV switching (fKV), and TwinBeam dual-source at the
presence of a bow-tie filter (TB-DS-BT).
Density and concentration Measured Difference
Water (g/cm3)
TB-DS 1.006 0.006
fKV 1.007 0.007
TB-DS-BT 1.035 0.035
Bone (g/cm3)
TB-DS 1.727 -0.123
fKV 1.724 -0.126
TB-DS-BT 1.641 -0.209
Contrast (mg/mL)
TB-DS 56 -4
fKV 53 -7
TB-DS-BT 55 -5
IV.E. Anthropomorphic thorax phantom with bow-tie filter
Figure 11 shows the results of the anthropomorphic thorax phantom using ”TwinBeam” dual-source triple-energy
configuration at the presence of bow-tie filter. The first row shows the kV images and we can see marginal beam
hardening artifacts in all of the images. In addition, the attenuation coefficients (HU value) at the peripheral of the
thorax phantom are lower than the other regions which differs from the behavior of the simplified thorax phantom
images. This can be attributed to the application of the bow-tie filter, with which the spectrum at the peripheral
region is harder than in the central region, resulting in a smaller attenuation contribution in the reconstructed CT
images.
The decomposed images in the second row suggest gadodiamide is well separated from the soft tissue and bone.
Quantitative measurements show that the decomposed densities are close to the true densities of the basis materials
(Table III).
V. DISCUSSION
Based on currently available dual-source and fast kV switching DECT configurations, we provide a unified framework
to perform triple-energy material decomposition, and demonstrated its feasibility using realistic applications with
estimated spectra. Multi-contrast imaging shows the benefit of TECT over DECT. DECT and EDEC need a third
energy measurement or calibration to provide accurate multi-contrast images. Material images generated by the
proposed method are comparable to those generated with the idealized photon-counting detector. With the limitations
of current energy-resolved photon-counting detector, the proposed method represents a major step toward realistic
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Fig. 11 Results of the anthropomorphic thorax phantom using triple-energy CT with TwinBeam Dual-source configuration at the presence
of a bow-tie filter. The labeled circles are used for quantitative measurements. The decomposed densities match with the true densities
quite well. All of the kV images are windowed to [-500, 500] HU. Water and bone images are windowed to [0, 2] g/cm3, and gadolinium
images are windowed to [0, 0.1] g/cm3.
TECT imaging and is potential useful for clinical applications.
Based on (3) and (4), in order to perform material decomposition as accurate as possible, one has to accurately
model the energy spectrum Ω(E). There are several different ways to obtain the spectrum Ω(E). The first way is to
directly measure the spectrum using energy-resolved photon-counting detectors (such as cadmium zinc telluride and
cadmium telluride detectors). However, the accuracy of direct measurement usually suffers from spectral distortion
which is caused by charge sharing, pulse pileup, and K-escape energy loss. Hence, it is desirable to model33 or correct50
the spectrum distortion before material decomposition. Alternatively, one can use direct or indirect transmission37
measurements to obtain an effective energy spectrum which incorporates the contribution of inherent filtration and
detector response functions.
In realistic raw projection data sets, the acquisition with the ”TwinBeam” dual-source configuration is inconsistent,
which means that the obtained dual- and triple-energy measurements are not from the same X-ray path. However, the
proposed method is performed in projection domain which requires consistent raw projection data. To solve this, one
may want to combine the proposed method with a material decomposition from inconsistent rays (MDIR) algorithm51
which employs an iterative polychromatic forward projection mechanism. It has to be noted that except the available
commercial DECT configurations, triple-energy measurements could also be acquired by a multi-source CT geometry
which was originally proposed for ultrafast CT imaging52.
In this study, we have used the multi-variable downhill simplex numerical optimization algorithm to solve (4). Note
that this is a typical least square problem and other optimization algorithms can be applied to solve the problem, such
as Levenberg-Marquardt algorithm. For multi-material decomposition, volume conservation26 and mass conservation25
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can be used to regularize the least-square problem, which may be helpful for the optimization procedure. Image
domain material decomposition methods are widely used in routine application today. In essence, these methods
are based on linear combinations of the reconstructed high- and low-energy CT images. As a comparison, the
proposed method provides a nonlinear way to obtain material- and energy-selective images, hence, it may outperform
the routinely used linear image-domain methods on contrast-to-noise ratio (CNR) and artifacts reduction19. Since
material decomposition is usually an ill-posed inverse problem, noise is magnified in this procedure, which introduces
streaks in the reconstructed material images. Future study will focus on mitigating the streaks by introducing
statistical iterative reconstruction and regularized reconstruction8,13,14.
In (3), projection estimation based on the integrals of the material-selective images does not take scatter radiation
into account. Hence, the presence of scatter radiation may influence the decomposition procedure, yielding inaccurate
line integrals and further inaccurate material-selective images. During the numerical evaluation, scatter radiation
is not considered. For realistic applications, one may want to perform scatter correction in front of the material
decomposition. To perform scatter correction, the scatter radiation needs to be estimated and then subtracted from
the raw projection data53–56. This would be performed for both dual- and triple-energy measurements.
VI. CONCLUSION
A nonlinear material decomposition framework for both dual- and triple-energy CT is developed and its feasibility
of quantitative material decomposition with estimated spectra is demonstrated using scanning protocols for clinically
realistic applications. With energy-integrating detector-based DECT configurations, the method shows robustness
against spectrum estimation and can provide material-specific images that are comparable to photon-counting CT. It
is promising that many CT-based diagnostic and therapy applications will greatly benefit from the proposed material
decomposition technique.
VII. APPENDIX
The optimization strategy used in this study is Nelder-Mead method which is a numerical method to find the
minimum of (4) in a multidimensional space. For two-variable case (DECT), the method initializes with three
randomized vertices in the parameters space (note that each vertice has two components). These three vertices form
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a triangle. The algorithm then compares function values at the three vertices (the best B , the good G, and the worst
W ) of the triangle, i.e., f(B) < f(G) < f(W ). The worst vertex, where the objective function value is maximum,
is rejected and replaced with a new vertex. The operations to generate a new vertex include: reflect, extend, contract
and shrink. All of the operations are based on the current triangle. With the new vertex, a new triangle is formed,
and the search is continued. The process generates a sequence of triangles, for which the function values at their
corresponding vertices get smaller and smaller, until the minimum vertex (the optimal Ai) are found. The algorithm
used to solve (4) can be summarized as follows:
Algorithm
1. Initialize A
(0)
i ;
2. Randomly initialize three points (DECT) in the parameter space for the first triangle: A
(0)
i [k], k = 1, 2, 3;
3. Calculate objective function values: f(Ai[k])← A(0)i [k];
4. Ranking: f(B) < f(G) < f(W )← f(Ai[k]);
5. Calculate the reflect point f(R);
6. WHILE (criterion is satisfied){
7. IF(f(R) < f(G)){
8. IF(f(B) < f(R))
9. replace W with R
10. ELSE{
11. compute extend point E and f(E)
12. IF(f(E) < f(B))
13. replace W with E
14. ELSE
15. replace W with R}
16. }
17. ELSE{
18. IF(f(R) < f(W ))
19. replace W with R
20. compute center point C and f(C )
21. IF(f(C ) < f(W ))
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22. replace W with C
23. ELSE{
24. compute shrink point S and f(S)
25. replace W with S
26. replace G with M } //M is the midpoint of the good size, i.e., M = (B +G)/2
27. }
28.}
In this work, we have initialized A
(0)
i [k] = 0 for all of studies. The WHILE loop is stopped when either the
maximum iteration 200 is satisfied or the difference between A
(k−1)
i and A
(k)
i is smaller than 10
−6. It takes about
4600 seconds to decomposition DECT sinograms (1024× 720) using a typical PC (Intel Core i7-6700K, RAM 32GB).
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